Continuous manufacturing (CM) offers quality and cost-effectiveness benefits over currently dominating batch processing. One challenge that needs to be addressed when implementing CM is traceability of materials through the process, which is needed for the batch/lot definition and control strategy. In this work the residence time distributions (RTD) of single unit operations (blender, roller compactor and tablet press) of a continuous dry granulation tableting line were captured with NIR based methods at selected mass flow rates to create training data. RTD models for continuous operated unit operations and the entire line were developed based on transfer functions. For semi-continuously operated bucket conveyor and pneumatic transport an assumption based the operation frequency was used. For validation of the parametrized process model, a pre-defined API step change and its propagation through the manufacturing line was computed and compared to multi-scale experimental runs conducted with the fully assembled continuous operated manufacturing line. This novel approach showed a very good prediction power at the selected mass flow rates for a complete continuous dry granulation line. Furthermore, it shows and proves the capabilities of process simulation as a tool to support development and control of pharmaceutical manufacturing processes.
Introduction
Continuous manufacturing (CM) offers many advantages over batch manufacturing, including simplifying or eliminating scale-up, enhancing product quality via continuous analytics or parameter control and using the same equipment for manufacturing smaller and larger batches (Allison et al., 2015; Byrn et al., 2015) . The pharmaceutical industry, academia and regulatory authorities view continuous manufacturing (CM) as a general approach to improve the cost-effectiveness of pharmaceutical manufacturing and decrease the variability in product quality Schaber et al., 2011) . To that end, on-line and in-line monitoring of critical quality attributes (CQAs) and critical process parameters (CPPs), determined based on the risk assessment, should be performed (Potter, 2009; Yu et al., 2014) .
The high quality standards and requirements in the pharmaceutical industry require complete traceability of raw substances throughout manufacturing and distribution to the patient. While material tracking is uncomplicated in batch processing, it is a challenge in CM of solid dosage forms (Rantanen and Khinast, 2015) . In this context, information about the residence time distribution (RTD) of the material is crucial as it defines the flow and spreading of material within the manufacturing line. It can be applied to define batch and lot (which can be a batch or a specified portion of a batch), is the basis for material diversion (out-of-spec removal) and recall decisions, and is required to create a control strategy of a continuous process (Almaya et al., 2017; Engisch and Muzzio, 2015; Nunes de Barros et al., 2017; Su et al., 2017) .
Measuring an RTD is an established approach in chemical engineering (Danckwerts, 1953; Levenspiel, 1962) . Based on the input signal (which can be a step, tracer or periodic impulse) and the measured output signal, the dead time and mixing behavior of a unit operation can be characterized. For example, continuous powder mixing has been investigated by several groups, and a correlation between the RTD and the blend homogeneity has been derived (Gao et al., 2011; Portillo et al., 2009 Portillo et al., , 2008 . RTD experiments in pharmaceutical roller compactors have been conducted using various types of equipment, yet similar methods that involve colored powder tracers. Kruisz et al. (Kruisz et al., 2017) demonstrated that in a dry granulator an accumulation of tracer on the walls and dead zones in the screw zone led to strong back-mixing and long tail of the RTD. Mangal and Kleinebudde (Mangal and Kleinebudde, 2017) thoroughly investigated the RTD of the milling step in a roller compactor's co-mill and established that increasing the impeller's speed/higher mass flow rate of the co-mill resulted in a shorter RTD. Furthermore, they showed that a holdup in the milling section affects the back-mixing and residence time of the unit operations.
In a rotary tablet press, the RTD depends on the turret and feed frame speeds and on the hopper's mass holdup, which was partly experimentally investigated by (Mendez et al., 2010) . The authors reported that an increase in the turret speed, which corresponds to an increase in the mass flow rate, reduces the space time and a higher feed frame speed decreases the width of RTD. These experimental results were confirmed by DEM simulations (Ketterhagen, 2015; Mateo-Ortiz and Méndez, 2015) , which together with the achieved process understanding can be used to model and parameterize the process models.
The mathematical convolution of several unit operations' RTD (Engisch and Muzzio, 2015; Kruisz et al., 2017) is the first step towards material tracking and monitoring the effect that process parameters have on the material and the intermediate properties, as well as on material propagation throughout the manufacturing process. This is of great importance to the batch/lot definition for regulatory purposes in CM processes and the determination of useful sampling frequencies of PAT tools, which was established and first validated for an industrial direct-compaction process by (García-Muñoz et al., 2017) .
It is well established that process modeling and simulation improves process understanding, and thus, it is the basis for advanced process control and optimization approaches (Bhosekar and Ierapetritou, 2018; Rantanen and Khinast, 2015) . Numerous models for pharmaceutical unit operations, which can be applied in a process simulation environment, have been developed. Models for feeding, blending, granulation, milling and tablet compaction are described in the literature and are already offered as commercial software packages (e.g., within gProms by PSE Inc.). Typically, model parameters are estimated based on the experimental data. Thus, in silico the transient propagation of disturbances, discharge strategies and start-up/shut-down scenarios for continuous pharmaceutical manufacturing processes can be developed (Boukouvala et al., 2013; Galbraith et al., 2016; Kruisz et al., 2017) . Furthermore, process models can be employed for sensitivity analysis in order to optimize the performance of a unit operation and the process (Boukouvala et al., 2012; García-Muñoz et al., 2017; Rehrl et al., 2017; Wang et al., 2017) . Overall, it has been demonstrated that process simulation can enhance process development by applying material tracking at defined mass flow rates.
CM lines are typically equipped with PAT monitoring techniques, such as Near Infrared (NIR) (Alam et al., 2017; Fonteyne et al., 2012a; Hernandez et al., 2016; Järvinen et al., 2013; Khorasani et al., 2016) and Raman (Fonteyne et al., 2012b; Nagy et al., 2017 ) spectroscopic setups. In addition, X-ray absorption has been introduced to monitor the flow rate (Ganesh et al., 2017) . PAT enables real-time process control actions and in-line quality control. Generally, the active ingredient content is measured and some additional information (e.g., granule size or moisture content) can be obtained. However, these measurements can also be applied to characterize RTDs or to enhance the simulation models via material tracking tools. For example, use of PAT equipment, instead of manual sampling, enhances prediction accuracy due to the increased number of sampled points. Moreover, timeconsuming lab analysis can be minimized.
Dry granulation via roller compaction is an inherently continuous granulation technique, which can also be integrated in a CM line if direct compression is not an option. During roller compaction, the material is compacted into ribbons between two counter-rotating rolls, followed by milling into granules of suitable size (Mangal et al., 2016) . Although the machinery and basic principles of roller compaction have been used for decades, recent advances in the machine design allow a better control of the ribbon density. Also, there now exists an improved understanding of the effects that process parameters and material characteristics have on the ribbon density, variability, granule properties and the final dosage forms (i.e., tablets) (Heiman et al., 2015; Mazor et al., 2017; Orefice and Khinast, 2017; Perez-Gandarillas et al., 2016 , 2015 Pérez Gago and Kleinebudde, 2017; Souihi et al., 2015 Souihi et al., , 2013 . The results suggest that both the process parameters and the material characteristics can affect the ribbon density, the amount of fines after granulation and the tablet tensile strength. Recent publications illustrate the benefits of the Quality by Design approach to process design (Heiman et al., 2015; Souihi et al., 2015 Souihi et al., , 2013 . In that context, the interest in PAT tools, such as NIR in process monitoring, has been increasing (McAuliffe et al., 2015; Quyet et al., 2013) .
The main focus of this paper is on material tracking. The goal of our work was to establish a new robust approach to predict the RTD based on training data sets. RTD characterization of the blender, roller compactor and tablet press unit operations were conducted at two mass flow rates using two NIR-based methods. Based on the experimentally- Tablet press exp Experimental sim Simulated determined RTD, custom-made RTD models were parameterized in the gProms environment. The RTD of the entire assembled CM line (consisting of a blender, bucket conveyor, roller compactor, pneumatic conveyor and tablet press) was simulated at the characterized mass flow rates and predictions were made for other mass flow rates. The simulations were validated via validation runs performed in duplicate and the error in prediction of the simulation was quantified.
Materials and methods

Experimental setup and materials
The experimental part of this work was the characterization of a complete dry granulation line in terms of material tracking with the goal of developing a validated simulation model. The characterization runs of the unit operations were performed at mass flow rates of 10.08 kg/h and 15.12 kg/h, with a step function in the active pharmaceutical ingredient (API) content from 10 to 20 wt% mass fraction of API to determine the RTD function of the unit operations. Validation runs of the model were executed at 7.92 kg/h, 10.08 kg/h, 12.48 kg/h and 15.12 kg/h, in duplicate, to establish reproducibility. The flow rates were chosen to exactly match the possible production rates of tablet press with the chosen constant tablet weight. For this work validation experiments of the RTD behavior of the manufacturing line with a step change were chosen. Performing a step change is a robust method to capture RTD of an unidentified process set-up. To have a consistent approach, characterization runs were also determined by step change experiments.
Materials
The formulation consisted of paracetamol (Hangzhou Dayangchem CO. Ltd, Hangzhou, China) as an API, microcrystalline cellulose (MCC) (Emcocel 90 M, JRS Pharma, Nastola, Finland) and lactose (Lactochem Fine powder, Domo, Borculo, The Netherlands) as fillers and Magnesium stearate (Liga MF-2-V, Peter Greven, Venlo, The Netherlands) as a lubricant. The compositions of formulations are summarized in Table 1 .
Dry granulation manufacturing line
The CM setup consists of feeding and blending stations, a continuous dry powder mixer, a roller compactor, a pneumatic conveyor and a tablet press (Fig. 1) . The loss-in-weight feeders (K-Tron, Types K-ML-D5-KT20 and K-CL-SFS-MT12, Niederlenz, Switzerland) fed the raw materials into a continuous dry powder mixer (Modulomix, Hosokawa Micron, Doetinchem, The Netherlands) via the two inlets of the mixer. API, MCC and lactose (KT20 feeders) were split fed into the first inlet and the lubricant (MT12 feeder) into the second one. A step change was accomplished by increasing the mass flow rate of API, and decreasing the mass flow rates of MCC and Lactose feeders maintaining the total mass flow rate constant.
During the blender characterization runs (n = 3), the API content of the exiting material stream was measured in-line via NIR and the samples for the offline analysis were collected at 10 s intervals. The final blend for the granulator characterization runs was prepared separately as a pre-blend and fed manually into the granulator. During the validation runs on the entire continuous line, the blend was manually transferred in 1-1.5 min lots (depending on the throughput) from the blender to the granulator, mimicking a bucket conveyor.
Granulation of the blend was performed in a Hosokawa Pharmapaktor L200/30P, equipped with a flake crusher FC 200 (Hosokawa Bepex GmbH, Germany). During the characterization runs (n = 3), the final blend was manually fed into the roller compactor as pre-blends of 10 wt% and 20 wt% API.
Granules with 10 wt% and 20 wt% of API were produced separately for tablet press characterization runs. During the validation runs on the entire line, the granules were transferred to the tablet press with a pneumatic conveyor (Volkmann VS 200, Volkmann GmbH, Soest, Germany), which collected granules for 15 s. Subsequently, the collected granules were transferred to the tablet press and the next collection cycle commenced. The granules were compressed to tablets using a 16-punch station PTK-PR1000 (PTK CO. Ltd, Incheon, Korea) tablet press. The tablet press was equipped with round 10 mm-diameter punches. The target weight for the tablets was 250 mg. While the turret speed of the tablet machine was varied to achieve the correct throughput, the feed frame speed was always adjusted to 150% of the turret speed. During the characterization runs, the pre-made granules with 10 wt% and 20 wt% of API in the formulation were fed into the tablet press manually. The API content of the tablets was measured in-line using a chemical imaging device. The tablets were sampled for the offline analysis at 1 min (characterization) or 2 min (validation) intervals.
NIR measurements
To monitor changes in the API content, an integrating sphere NIR (NIR Sphere) was mounted on the blender (characterization runs) and granulator (characterization and validation runs). In the NIR Sphere, six collecting fibers gathered the spectra, while the material flows through the middle of the spherical interface. The spectra in a wavelength range of 860-1690 nm were collected using a SPECIM InGaAs Spectral Camera (Specim, Oulu, Finland) and in-house LabVIEW-based software. The former is a commercially-available device with one inlet port, which was modified to receive the data from the six collection fibers separately. The spectra were collected using an integration time of 6 ms and collection rate of 100 spectra per second. The spectra were averaged over 100 single spectra leading to 1 average results per second.
A PLS model for the granules was built using spectra of previouslymade granules of identical formulation with 8-22 wt% API content. These granules were run through the NIR sphere and 20 s of spectra were collected at each step for granules with a different API content. In addition, the spectra from roller compactor characterization runs were included. The collected spectra were processed via Simca 14 (Umetrics). The spectra were pre-treated using Standard Normal Variate (SNV) normalization, followed by the first derivative (15 pt) in a wavelength range of 1300-1690 nm. A PCA was performed to check and remove outliers outside Hoteling T 2 value of 95%. The final number of spectra for the model was 265. The estimate of model error was conducted by a group cross validation. The model had a root mean square error of cross-validation (RMSECV) of 0.88 wt% with 7 PLS components. A PLS model for powder blend was built using the spectra from the blender characterization runs. The selected time points were measured offline for API content with UV/Vis spectroscopy and ranged from the lowest to the highest API content during the characterization runs. The spectra were pre-treated with SNV normalization, and a wavelength range of 1300-1690 nm was applied. The number of spectra for the model was 84. The model error was estimated by a group cross validation. The model had an RMSECV of 0.47 wt% with 3 PLS components.
Chemical images were acquired using a NIR chemical imaging spectrometer (EVK Helios G2-320 Class, EVK DI Kerschhaggl), which International Journal of Pharmaceutics 547 (2018) [469] [470] [471] [472] [473] [474] [475] [476] [477] [478] [479] was mounted on the top of a flat belt conveyor (Geppert-Band). The spectra were collected in a wavelength range of 931-1702 nm. The setup is described in more detail in (Wahl et al., 2017) . It was applied to develop a model and perform a subsequent in-line analysis of tablets. The tablets were transported on the flat belt conveyor past the HSI device. Evaluation of the acquired spectra was accomplished using Matlab 2016a (Mathworks). Tablets on the black conveyor belt were identified via principle component (PC) projection of the original spectra and subsequent thresholding. Switching from a white to a black belt surface with strong absorption eliminated the need for pretreatment (Wahl et al., 2017) . Single tablets were segmented via connected regions, which were classified as a tablet and had an area of around 500-550 pixels. Double and multiple connected tablets, as well as dust or flakes, were removed from the data by restricting the object area to 400-650 pixels. Once the experimental work was completed, issues with B/W balancing and incorrect exposure settings were identified during the data analysis. Based on that, only the non-saturated wavelength range of 1382-1563 nm (camera pixels 150-210) were used for subsequent analysis. The spectra were converted into pseudo-absorbance (−log10 (spectrum/white counts)) and pretreated with SNV over the restricted spectral range. A PLS model was developed for tablets manufactured on the same tablet press with known mass fraction premixes. 10 tablets from each API mass fraction (8 wt%-22.5 wt%) were measured on the conveyor belt. Cross-validation based on a leave-group-out approach was performed for a CV group of tablets from each premix. The final model resulted in a root mean square error of prediction (RMSEP) of 0.72 and an RMSECV of 0.75. Due to the above-mentioned B/W balancing and exposure issues, a transfer of the PLS model for in-line analysis was required, which was performed in two steps: (1) correction for spatial pixel differences in the predictions, caused by time-independent fixedpatterns of the underlying spectra; and (2) offset correction of the prediction to match 10 wt% API premix in the beginning of each experiment. The accuracy of the results was confirmed using the sampled tablets analyzed via offline UV-Vis.
For reference, the powder blend, granules and tablets were analyzed for the API content offline via an UV/VIS spectrometer (Shimadzu UV-1800, Shimadzu Suzhou Instruments Wfg. Co. Ltd., China) at selected time points. To that end, the samples were dissolved in water and diluted. Absorbance was measured at a wavelength of 242 nm. Calibration curve (r 2 = 1.00) was linear over a calibration range of 1-25 µg/ml of API dissolved in water.
Model development
The residence time distribution (RTD) of pharmaceutical manufacturing operations has been reported to be relevant for out-of-spec handing and quality control by several groups, such as (Engisch and Muzzio, 2015 Portillo et al., 2009 , 2008 . The RTD can be determined based on a tracer impulse or a step-change response test, first described by Levenspiel (Levenspiel, 1962) . E t ( ) of the tracer material is the mass fraction w t ( ) of the tracer impulse response over time, normalized by the integral of the mass fraction over time, as shown in Eq. (1). Clearly,
. For step changes, the outlet mass fraction is normalized by the inlet mass fraction as shown in Eq. (2). The step and impulse responses are related, as shown in Eq. (3). The mean residence time t is the first moment of E(t) as shown in Eq. (4). Given a constant system volume V, the mean residence time t is equal to the system volume divided by the volumetric flow rate. Assuming constant bulk density ρ bulk , the mean residence time can also be determined by dividing the mass holdup of a system by the mass flow rate (Levenspiel, 1962) .
(1)
To model the tracking of material through the CM line, an RTD model based on Rehrl and Kruisz (Kruisz et al., 2017; Rehrl et al., 2017 Rehrl et al., , 2016 was implemented in the flow sheet simulation environment (gProms, PSE, United Kingdom). The model allows to predict the mass fraction of API at the outlet C t ( ) of a unit operation based on the input API mass fraction. The underlying Fokker-Plank equation describes the mixing behavior of the components in a processing unit by considering dimensionless convective and diffusive terms (Gao et al., 2012 (Gao et al., , 2011 Portillo et al., 2009 Portillo et al., , 2008 Vanarase and Muzzio, 2011) . The low/high pass behavior of the transfer function P(s) is similar to a sequence of an ideally stirred tank reactor (CSTR) and a plug flow reactor (PFR) (Levenspiel, 1962) , were estimated via the least squares method based on the measured w exp and predicted mass fraction ∼ x ( ) of model P s ( ) (Eq. (7)). The set constrains only allowed positive parameters. Predicted mass fractions ∼ w x) ( were computed via the step response of the transfer function (Eq. (8)) over the number of samples n ( ). For a good agreement between model output and the experimental data, the overall error in all of the performed experiments at M.C. Martinetz et al. International Journal of Pharmaceutics 547 (2018) 469-479 one mass flow rate was minimized.
To normalize the model, the scaling factor was set to = K 1 in Eq. (6). To approximate time constants T i , T j and the dead time T d for interand extra-polation of the units' transfer behavior a linear dependence based on the mass flow rate was assumed.
Material transfer between the unit operations via the semi-continuous bucket and pneumatic conveyors occurred at high rate such that a close-to constant hold-up was achieved in the hoppers of the roller compactor and the tablet press. Therefore, mixing within the small collected material amounts are neglected and handled as dead time parameters. The overall system response P s ( ) overall of the validation runs was computed via multiplication of the transfer functions of individual unit operations (Eq. (9)). The performed mathematical operation in the frequency domain corresponds to an ordinary convolution integral of RTD curves described in the literature (Engisch and Muzzio, 2015; Kruisz et al., 2017 ).
To simplify the model, the effect of semi-continuous unit operations on mixing behavior was set to a dead time term, which was derived according the concept shown in Fig. 2 . In Fig. 2 the mixing behavior within a collection bucket of a semi-continuous unit operation such as a bucket conveyor or a pneumatic transport is shown.
Mixing occurs (to a certain extent -here assumed ideally) within the amount of material based, which leads to an averaging of the in flowing mass and its fluctuations. In Fig. 2 exemplarily an increase of API mass fraction in the outlet stream of the blender is depicted. The semi-continuous bucket conveyor led to a delayed and time-wise averaged increase in the API mass fraction at the inlet of the roller compactor. The behavior of the semi-continuous operation was estimated by setting the dead time T t to half of material collection duration d of the operation cycle of the unit operation (see Eq. (10)).
To quantify the difference between the validation runs and the model, the root mean square deviation (RMSD) was computed according to Eq. (11). Variable N is the number of samples w exp is the actual measured mass fraction and w sim is the simulated (predicted) mass fraction. 
Results and discussion
Parameterization -characterization runs
This section presents the comparison between characterization runs and the model predictions at the two mass flow rates considered. In Figs. 3 and 4 the output mass fraction of the blender after a step change from 10 wt% to 20 wt% of API mass fraction is shown, as well as the fit of the transfer model P blender (Eq. (12)).
At time 0, a step change at the blender's inlet was accomplished by changing the mass flow rate set points of the feeding units. The system response of the blender was identified using NIR-based method, described above. Figs. 3 and 4 show that a short dead and residence time is obtained. This is due to the low holdup and the high rotation rate of the paddles, which lead to a fluidized powder flow regime. As it can be seen, the fitted model (black) and the experimental NIR data (blue, red, Fig. 2 . Bucket conveyor as an example of the effect of a semi-continuous unit operations in a CM process. Response to an increase of the API mass fraction at the outlet of the blender: delay and mixing (averaging) before feeding to the roller compactor. (13)) with the experimentally-determined NIR data and the UV/Vis measurements at the outlet of the roller compactor for 10 kg/h and 15 kg/h mass flow rates.
For presentation purposes, only the data of every 50th value is plotted. In contrast to the blender characterization, the mass fraction did not reach 20 wt% within the experimental timeframe. Similar behavior has been reported earlier (Kruisz et al., 2017) . However, most of the dynamics were captured by fitting the data. The long tail of the RTD was likely due to a large mass holdup and backmixing in the feeder screw inside the roller compactor hopper and backmixing during the ribbon milling. The larger variability of the experimental results (in comparison to the blender data) indicates that the flow inside the hopper was non-uniform for the chosen formulation.
The constraints of time constants for achieving a good agreement with the experimental data at both mass flow rates were set at the expense of the dead time constant, which decreased the model's quality in terms of dead time for the roller compactor at low mass flow rates (10 kg/h and the predicted 8 kg/h).
Figs. 7 and 8 provide a comparison of tablet press model P s ( ) tabletpress with the experimentally-determined NIR data and the UV/Vis measurements at the outlet of the roller compactor for 10 kg/h and 15 kg/h mass flow rates. The model P s ( ) tabletpress is described in Eq. (14), and the corresponding time constants are listed in Table 2 .
For presentation purposes, only every 20th collected value is shown. As in the case of the blender, the data are in good agreement with the fitted model and data collected by NIR and UV/Vis cross reference method. Although some small periodic disturbances in the measured NIR data can be observed at both mass flow rates, the average result agrees well with the simulated model. All replication experiments follow the same trend. Similarly to the RTD characterization for the roller compactor, the 20 wt% plateau was not attained completely during the experiments. The hopper fill level was assumed to correlate to an additional dead time to the RTD. Throughout the experiments, the mass holdup in the tablet press hopper was kept constant. However, it was challenging to maintain a precisely constant fill level in the tablet press hopper during the entire run and small deviations were detected visually.
Linear prediction of the residence time distribution
In the section above the transfer functions were fitted based on the two characterization runs. The corresponding parameters are shown in Table 2 . The parameters for 8 kg/h and 12.5 kg/h were linearly interpolated or extrapolated. Fig. 9 shows the simulated residence time distribution E t ( ) of the characterized unit operation (Fig. 9A: blender, Fig. 9B: roller compactor, Fig. 9C : tablet press) at four mass flow rates (time constants for 10 kg/h and 15 kg/h based on the training data; 8 kg/h and 12.5 kg/h based on the approach described in the Section Model Development). Fig. 9A shows that a change in the mass flow rate does not significantly affect dead time of the blender. The blender is operated at a lower end of its specification, which ranges from 2 kg/h to 130 kg/h, and can potentially process a significantly larger mass flow rate. Dead time seems to be constant/change marginally (see Table 2 : 6.13 s for 10 kg/h and 4.19 s for 15 kg/h) at this low mass flow rate due to the dominant flow regime introduced by the convective moving/rotating paddles. Nevertheless, the mass holdup in the blender defines the available amount of material, with which the inlet mass flow stream mixes, and the resulting mixture homogeneity (Gao et al., 2011; Van Snick et al., 2017b , 2017a . Fig. 9B presents the responses to a peak impulse for the roller Fig. 7 . API mass fraction at tablet press outlet after step change a t = 0 s. Three experiments with step change determined via NIR and offline UV/Vis measurement are presented. Shown model fit agrees well with experimental data. Mass flow rate of 10 kg/h. Fig. 8 . API mass fraction at tablet press outlet after step change a t = 0 s. Three experiments with step change determined via NIR and offline UV/Vis measurement are presented. Shown model fit agrees well with experimental data. Mass flow rate of 15 kg/h. Fig. 9 . Predicted response to a simulated tracer impulse at t = 0 s (10-20 wt% API) for (A) blender, (B) roller compactor, (C) tablet press. M.C. Martinetz et al. International Journal of Pharmaceutics 547 (2018) 469-479 compactor. Lower mass flow rates lead to longer residence times in the unit operation. The roller compactor has the greatest holdup of all the unit operations implemented on the line, which contributes to the high residence time of the material. The feed screw in the hopper and the ribbon mill also lead to significant back-mixing due to strong diffusive effects. Due to this back-mixing, the tail of the entire residence time distribution is considerable. Fig. 9C shows the RTD in the tablet press, indicating that the mass flow rates clearly affect dead time of a peak impulse (101 s at 10 kg/h and 76 s at 15 kg/h, i.e., a difference of 33%), while the slope remains nearly constant. The transparent hopper of the tablet press allowed a visual inspection of the filling level. Although small changes of the powder bed were observed which can affect the dead time, the biggest effect on the powder bed originated from the changes in mass flow rate. Assuming that the fill level remains constant, dead time can be explained via the mass flow. Since the force feeder speed of the tablet press's feed frame was at a constant relation to the turret speed, the constant shape of the slope of the impulse response can be seen as expected.
As seen in Fig. 9 , a higher mass flow leads to shorter dead times and narrower RTDs. The latter were affected by the mass holdup and mass flow rate. Moreover, presence of rotating equipment, which influences the ratio between the convective and diffusive transport phenomena, has an impact on the shape of the RTD. This trend is consistent with the literature (Engisch and Muzzio, 2015; Fullard and Davies, 2017; Paredes et al., 2017; Tian et al., 2017; Van Snick et al., 2017b , 2017a Vanarase and Muzzio, 2011) ,
Validation experiments
As described above, validation runs were performed in duplicate at the four selected mass flow rates (8 kg/h, 10 kg/h, 12.5 kg/h and 15 kg/ h) for the entire dry granulation line. The simulated propagation of a step increase of API were compared to the experimental data collected using the NIR-sphere (every 20th value shown) and the NIR-CI (Chemical Imaging) (every 50th value shown), which were mounted at the outlet of the roller compactor and the tablet press, respectively, for each of the performed runs on the continuously operated PROMIS line (compare to Fig. 1) . Additionally, selected tablets were sampled every two minutes and analyzed offline via the UV/Vis spectroscopy reference method. Comparison between model predictions and experiments are shown in Figs. 10-13. In general, a good agreement between simulation and experimental data is obtained for all performed validation runs (see . Furthermore, a good agreement of NIR and offline UV/Vis data can be seen. To quantify the agreement of simulation to validation experiment, root mean square deviation (RMSD) was computed and is shown in Table 3 .
In Fig. 10 the API mass fraction at the outlet of the roller compactor and the tablet press over time are depicted. A good agreement between the experimental NIR-CI, sampled and offline analyzed UV-Vis and predicted response data is shown. Due to problems with NIR sphere during the validation runs, no data were captured at 8 kg/h at the outlet of the roller compactor. As can be seen, the dead time of whole line is slightly under-predicted. This mismatch resulted from an under-prediction of roller compactor dead time with the training data sets at 10 kg/h (compare to Fig. 5 ).
In Fig. 11 the comparison of experimental (NIR and UV-Vis based) and predicted response data at 10 kg/h can be seen. There is a good agreement between simulated response and the measured data at the tablet press outlet. Especially, the mass fraction after second 500 at the outlet of roller compactor and 700 s at the outlet of the tablet press are well captured. However, as it can be seen, the dead time at the outlet of the roller compactor is under-predicted. This discrepancy translates in a slight under-prediction of the dead time of the whole line. This results, as mentioned above, from the under-prediction of training data of roller compactor at 10 kg/h during model parameterization (see Fig. 5 ). From the data it can be seen that the steep increase in the roller compactor outlet at 400 s leads to a dampened and delayed response at the tablet press outlet, due to back-mixing in the pneumatic transport step and the feed frame of the tablet press. In Fig. 12 the results of the validation experiments at 12.5 kg/h are depicted. Even though the response was not trained at this flow rate, a good agreement between the experimental and the simulation was achieved. We see a good agreement between replicated experimental runs at RC outlet (NIR sphere Run 1 and Run 2), as well as between the UV/Vis and the NIR-CI data. However, it can be seen that the NIR-CI Run 2 data differ from the data obtained during Run 1 (between 700 s and the plateau). Furthermore, strong fluctuations at the plateau can be observed for Run 2. This could be explained by a reduced material holdup in the hopper due to a misalignment of the mass flow rate during the validation run. Furthermore, on-line analysis of a continuous line is not straightforward and PAT sensors need to be carefully calibrated, placed and maintained. Again, a very characteristic steep increase at the outlet of the roller compactor (NIR sphere data) at second 400 can be seen. These are damped by the tablet press starting at 500 s. However, deviations of agreement of the replicate NIR-CI data can be seen between second 700 and 1100. Fig. 13 shows the validation results at 15 kg/h, at which also the training data for model parameterization were captured. An overall good agreement of the replicated experimental (NIR-sphere and NIR-CI), the offline reference method (UV/Vis) and the simulation results can be seen. Both runs at the outlet of the roller compactor show the characteristic steep increase after the dead time (at second 300) and a jump of the signal between second 600 and 800. Since this feature was reproducible, it can be concluded that a short circuit of the mass flow due to the complex mixing process inside the roller compactor and its mill exists. These features of the roller compactor propagate to the outlet of the tablet press between 700 s and 900 s.
A common trend over all preformed validation runs can be seen: An increase of the mass flow rate leads to a decrease of the variation of collected experimental data. The reproducibility increases. The calculated RMSDs show the agreement between simulation and experiment. In Table 3 it can be seen that the lowest RMSD for NIR-sphere and NIR-CI was achieved in the first run at 15 kg/h and 12.5 kg/h, respectively. However, the highest RMSD for the NIR-CI was obtained for the first run at 15 kg/h, in which the lowest RMSD of upstream roller compactor was achieved. In summary, a good prediction for interpolated and extrapolation validation runs was achieved by the shown approach. No clear trend, which allows to see a decrease of predication power at interpolated or extrapolated cases (8 kg/h runs Fig. 10 , and 12.5 kg/h runs Fig. 12 ) was observable. The calculated RMSD for all validation runs were of similar magnitude. This can be taken as an indicator for the strong variability of the powder-based material tracking.
Conclusion
Continuous pharmaceutical manufacturing requires complete traceability of the materials involved. Contrary to batch manufacturing, back-mixing can occur at each processing step in a continuous manufacturing process, making traceability a challenge. In this work, we proposed and validated a simulation approach to predict the residence time distribution of an entire manufacturing line for a broad range of mass flow rates. The experimental data for training the model and comparing the simulated results were acquired via NIR-based in-line PAT tools, which can easily be used in an industrial environment. In general, there was a good agreement between the simulated and experimental results. An uneven mass flow inside the granulator led to slight deviations between the parallel measurements and, subsequently, discrepancies between the simulated and experimental results after this process step. As expected, a better alignment between the simulated and experimental results was achieved within the mass flow range used in the characterization compared to the extrapolated mass flow. However, the simulation model of extrapolated mass flow rate produced a remarkably accurate result for the final tablets. Since the mass holdups inside each unit operation were kept constant in all runs, the residence times were determined based on the mass flow rates. Thus, the API fraction change progressed at different speeds according to the different mass flows. Material tracking under the process conditions and at the mass flow rates that were not experimentally defined was predicted via a simple linear approximation of time constants based on the known training data sets. This approach allows a multi-scale simulation within a process model.
The proposed process simulation can facilitate the development and optimization of manufacturing processes, discharge strategies and control systems for new products. The development can be expedited since various manufacturing scenarios and events can be first tested via simulations, decreasing the experimental effort. In this work, tracking of step change propagation was demonstrated. The same model can be used to generally track material from the beginning to the end of the line. In addition, the model can be utilized to simulate, e.g., how significant deviations in the material composition of inlet streams can occur without affecting the final product. Moreover, properly developed and validated process models can predict the amount of material and the rejection time for out-of-specification material in the event of process disturbances or during transient phases. Material tracking and rejection strategy are important aspects associated with the batch definition in continuous manufacturing. According to the United States Code of Federal Regulation, the batch must be uniform in terms of character and quality. To that end, product quality measurements on the line have to be linked time-wise to the end product. This can be accomplished by appropriate process models, which can also be used as M.C. Martinetz et al. International Journal of Pharmaceutics 547 (2018) [469] [470] [471] [472] [473] [474] [475] [476] [477] [478] [479] so called 'soft-sensors' that complement the in-line control measurements. Since models are trained using experimental data, the accuracy of these data is crucial to accurate simulations. In the current work, we encountered certain problems with the NIR equipment. As such, even though our results were very promising, it is possible to further improve the accuracy of the simulations. Precise and stable in-line monitoring tools for multi-scale mass flows are required for obtaining correct and reliable data. Although some manufacturing lines can comprise even more unit operations, the principles described in this work should still be applicable. Moreover, in order to track the materials from the raw material drum to the final tablets, residence time of the feeders should be characterized as well, which was beyond the scope of this study.
